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Abstract
In CFM-mode the blood velocity estimates are overlaid onto
the B-mode image. The velocity estimation gives non-zero
velocity estimates in both the surrounding tissue and the ves-
sels. A discrimination algorithm is needed to determine,
which estimates represent blood flow and should be dis-
played. This study presents a new statistical discriminator.
Investigation of the RF-signals reveals that features can be
derived that distinguish the segments of the signal, which do
an do not carry information on the blood flow. In this study
4 features have been determined: a) the energy content in
the segments before and after echo-canceling, and b) the am-
plitude variations between samples in consecutive RF-signals
before and after echo-canceling. The statistical discrimina-
tor was obtained by computing the probability density func-
tions (PDF’s) for each feature through histogram analysis of
data. The discrimination is performed by determining the
joint probability of the features for the segment under inves-
tigation and choosing the segment type that is most likely.
The method was tested on simulated data resembling RF-
signals from the carotid artery. Discriminators using a com-
bination of one or more of the features have been evaluated.
The best performance is obtained, when the discriminator em-
ploys the energy content before echo-canceling and the am-
plitude variations after echo-canceling. A success rate on dis-
crimination of 95 % is obtained on both segment types. The
discriminator has been compared to a previously employed
method, which uses the amplitude level in the envelope-
detected signal. The performance on the segments, which
carry blood velocity information, is improved by a factor of
2.3. The segments, which do not carry blood velocity infor-
mation, is classified equally well with both methods.
1 Introduction
Medical ultrasound is used for visualizing the blood velocity
distribution in the cardiovascular system. Several processing
steps are performed on the acquired RF-signals before the in-
formation is presented to the clinicians. Initially the noise
is minimized by a matched filter, and the stationary echoes
are reduced through echo-canceling. Then the blood velocity
estimator is applied. Velocity estimates are produced along
the full temporal extend of the RF-signals. This is regardless
of whether the individual parts of the signals represent the
interactions with tissue structures or the blood. For station-
ary signals only noise is left after echo-canceling. Consecu-
tively acquired signals from non-moving tissue structures are
therefore not identical, and a non-zero velocity results. As
the tissues next to moving organs [1], [2] are also moving,
the responses from tissue structures will not be at the same
temporal location in consecutive RF-signals. The stationary
echo-canceling therefore cannot remove the responses from
the tissue structures completely, and a non-zero velocity esti-
mate arises in part of the signal representing interaction with
tissue structures. Only the blood velocity information is of
interest, so a discrimination must be performed prior to dis-
play.
The estimated velocities cannot be distinguished by means
of their amplitude level, as the values overlap. Instead other
features and more complex discrimination algorithms must be
developed. In this study a discriminator based on maximum
likelihood theory is developed. The feasibility of deriving a
set of features from the acquired RF-signals is investigated.
In this study it is the set of RF-signals obtained for blood
velocity estimation, which are used in the determination of
features. The discrimination is not performed on the individ-
ual samples of the signals, rather the RF-signals are split up
in a number of segments. The features are derived and the
discrimination is performed for each of these. The aim of the
discriminator is to determine, if the segment under investiga-
tion carry information regarding blood velocity.
Discriminators based on neural networks have been devel-
oped by a number of authors. Quite a few of these studies fo-
cus on tissue characterization (e.g. cancerous/noncancerous
prostate tissue) [3], [4]. Neural networks used for the dis-
crimination of the segments, which carry blood velocity in-
formation, have also be considered [2], [5].
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2 Statistical discrimination
The design of a discriminator based on maximum likelihood
theory requires knowledge of the probability density func-
tions (PDFs) for the features, when the segments do and do
not carry blood velocity information. In the following these
two types of segments will be referred to as BV and NBV
segments, respectively.
The statistical discriminator then computes measures of
how likely a given combination of an outcome of the features
are, if they are considered representing a BV or a NBV seg-
ment. Estimates of the PDFs can be obtained through a his-
togram analysis of a representative data set. The probability
density of a given outcome of the features will be approxi-
mated by the joint probability density:
pBV   p1 BV X1   p2 BV X2         pF BVXF
pNBV   p1 NBV X1   p2 NBV X2         pF NBV XF (1)
where pBV and pNBV are the joint probability densities for the
BV and NBV segments, respectively. The pi BV and pi NBV
are the PDFs for the NBV and the BV segments for feature
i. The Xi represent an observed value of feature i. This def-
inition assumes that the individual features are independent.
This is not the case for the features derived in this study, and
the joint probability will be lower than the true probability of
the outcome of the features. This decreases the discrimination
ability, but this approach is used to ease the implementation
with respect to storing the PDFs. The discrimination is per-
formed by computing pBV and pNBV . The maximum value of
the two joint probability densities determines the type of the
segment. The statistical basis for the statistical discriminator
hereby has been defined. The next step is to determine a set
features, which distinguish the NBV and the BV segments.
A total of 4 features are suggested based on investigations of
the acquired RF-signals.
The amplitude level of the backscattered signal from blood
is 10-40 dB lower than that from the surrounding tissue. The
amplitude level in the acquired RF-signals from arteries will
vary, as the pulse has interacted with tissue and blood struc-
tures, respectively as shown in Fig. 1. By splitting the signal
up in a number of segments, the energy content can be used
as a feature to distinguish:
F1m  
1
σ
Nl∑
l 1
Ns∑
k 1
rlkmNs2 (2)
where σ is a normalization factor equal to the standard de-
viation of an RF-signal (averaged over a set of RF-signals).
The RF-signal is represented by r, l is the line number, and m
indicates the segment number. The variables Ns and Nl repre-
sent the number of samples in a segment and the number of
consecutive RF-signals, respectively. After echo-canceling a
large portion of the tissue signal has been removed. The am-
plitude level in the region containing the interaction with the
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Figure 1: RF-signal acquired at the carotid artery.
blood will often have a higher amplitude than in the tissue
region. This property is used as the second feature:
F2m  
1
σ
Nl 1∑
l 1
Ns∑
k 1
recholkmNs2 (3)
where recho represents the echo-canceled data. The reflected
signals from structures, which are moving, will be temporally
shifted in two consecutive RF-signals. The standard deviation
on a set of samples from consecutive signals at a given tem-
poral position will therefore be non-zero. The motion of the
tissue is most often much lower than the motion of the blood
[1], [2], so the level of variation can be used as a feature:
F3m  
1
σ
Ns∑
k 1
 



1
Nl 1
Nl∑
l 1
rlkmNsµkmNs2 (4)
where µkmNs is the mean value of the set of samples from the
set of consecutive lines at the temporal location kmNs (in
samples). The variation is also present in the echo-canceled
signals, and it is used as feature 4:
F4m  
1
σ
Ns∑
k 1
 



1
Nl 2
Nl 1∑
l 1
recholkmNsµecho kmNs2 
(5)
The development of the statistical discriminator was based
on simulated data, which resemble RF-data for CFM imag-
ing obtained at the carotid artery. These data are well-defined
with respect to the exact location and extend of the tissue and
vessels (unlike in-vivo data). The simulation program Field II
[6], which can handle any transducer array, excitation wave-
form, and focusing and apodization scheme, was employed.
A scan setup matching a B-K Medical A/S 3535 scanner con-
nected to a 128 elements linear array was implemented. A 6
cycle pulse with a 5 MHz center frequency is emitted. The
vessel diameter is 6 mm, and it lies at an angle of 35 o. Three
cardiac cycles were simulated. Tissue motion due to pulsation
of the vessel walls [1], [2] was included. Womersleys model
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[7] was used to model the blood motion. Eight RF-signals
were acquired for each line in the CFM image. A time gain
compensation is applied to counteract the attenuation.
A histogram analysis of the data for a SNR of 10 dB gives
the PDFs, which are plotted in Fig. 2. The features span
a normalized range from 0 to 15, and this region was split
up in 76 intervals. As the unit of the RF-signals is Volt (V ),
the features have the units V 2 V and V V . The PDFs reveal
that the features do distinguish the BV and NBV segments in
most cases. The overlap is due to noise, tissue motion, and
overlap between blood and tissue signals at the vessel wall.
The PDFs vary as the SNR is varied. The position of the PDFs
are shifted slightly up or down, and the level of overlap varies.
Still it is feasible to use these features for discrimination.
3 Results
The discriminator in (1) uses all four features, but any combi-
nation can be used. The performance for the 15 combinations
of the 4 features has been investigated. A discriminator us-
ing F1 and F4 gives the best performance. The subjective for
choosing the best discriminator was twofold: 1) the number
of correctly discriminated NBV and BV segments must be as
high as possible, and 2) the misclassified segments should not
be systematic (e.g. show up in the same phase of the cardiac
cycle). The number of correctly discriminated segments are
listed in Table 1. The success rate is above 95 % for a SNR
above 0 dB, and most BV segments are classified correctly.
The majority of the misclassified segments are located at the
transition zone between the vessel and the tissue regions. The
extend of the vessel is both over and under estimated. Fig-
ure 3 shows a typical outcome of the discrimination. As a
SNR 0 10 20 30
Stat NNBV 91.0 96.5 96.9 96.4
NBV 80.5 95.1 98.1 98.9
Amp NNBV 97.8 97.1 97.0 97.0
NBV 42.6 42.1 42.3 42.3
Table 1: The number of correctly discriminated BV and NBV
segments (in %) with the statistical (Stat) and the amplitude
(Amp) discriminator for a range of SNRs.
reference a discrimination based on a comparison of the av-
erage amplitude A m of the envelope detected data r env to a
threshold value is used. The average amplitude is defined as:
A m 
1
σ
Nl∑
l 1
Ns∑
k 1
renv lkmNs (6)
The threshold function is designed as a step function, which
decreases as a function of depth. No time gain compensation
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Figure 2: The probability density functions (PDF) of feature
1-4 for a SNR of 10 dB for the NBV (dashed) and BV (dotted)
segments.
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Figure 3: Performance of the statistical (a) and amplitude dis-
criminator (b) for a SNR of 10 dB. The true discrimination is
shown in the right column.
of the RF-signals is applied in this case. The performance
of the amplitude and statistical discriminators has been com-
pared, and the results are listed in Table 1 and shown in Fig. 3.
The statistical discriminator outperforms the amplitude dis-
criminator by a factor of 1.9 and 2.3 for the BV segments,
when the SNR is equal to and above 0 dB, respectively. This
difference in the ability to discriminate the BV segments is
shown in the plots. The amplitude discriminators only works
well at the center of the vessel. This is due to the overlap of
signals from blood and tissue at the level of the vessel walls.
The performance on the NBV segments is almost identical
for the two methods.
4 Conclusion
The introduction of more features and more advanced algo-
rithms improved the basis for discrimination of segments that
carry blood velocity information. The new statistical dis-
criminator comes close to discriminating all the segments
correctly and outperforms the simple amplitude discrimina-
tor. Still, more features should be considered. The segment
types of temporal and spatial neighbor segments may contain
valuable information. Another problem is that the definition
of the features contain a normalization constant, which de-
pends on the absolute amplitude level in the RF-signals. The
PDFs thereby get to be dependent on the medium of propaga-
tion, which is inconvenient. The feasibility of using features,
which represent the ratio of e.g. the energy before and af-
ter echo-canceling should be considered and evaluated in the
future.
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